Psychological interventions provide linguistic data that are particularly useful for testing mechanisms of action and improving intervention methodologies. For this study, emotional expression in an Internetbased intervention for women with breast cancer (n ϭ 63) was analyzed via rater coding and 2 computerized coding methods (Linguistic Inquiry and Word Count [LIWC] and Psychiatric Content Analysis and Diagnosis [PCAD]). Although the computerized coding methods captured most of the emotion identified by raters (LIWC sensitivity ϭ .88; PCAD sensitivity ϭ .83), both over-identified emotional expression (LIWC positive predictive value ϭ .31; PCAD positive predictive value ϭ .19). Correlational analyses suggested better convergent and discriminant validity for LIWC. The results highlight previously unrecognized deficiencies in commonly used computerized content-analysis programs and suggest potential modifications to both programs that could improve overall accuracy of automated identification of emotional expression. Although the authors recognize these limitations, they conclude that LIWC is superior to PCAD for rapid identification of emotional expression in text.
The proliferation of expressive writing and web-based interventions, coupled with increasingly sophisticated speech-recognition technology, has added to the need for valid methods of rapidly analyzing text-based data for content relevant to therapeutic processes. These interventions provide researchers and clinicians with textual data that can be used objectively to measure emotional expression and supplement self-report measures. Extensive qualitative analysis has the potential to provide behavioral data relevant to understanding physical and psychological adjustment to a diagnosis and treatment for cancer. However, the time required to conduct a thorough and reliable qualitative analysis and to validate the results makes such analysis impractical for many potential applications. Computerized text-analysis programs exist, although they have not been well validated for the purpose of evaluating emotional expression in therapeutic discourse. The goal of the current study was to create a manual coding system that could be used to evaluate the validity of two widely used text-analysis programs for identification of emotional expression.
Emotional expression has been suggested as a target for psychological treatments, but the putative mechanism of action is poorly understood (Greenberg & Safran, 1989) . Emotional expression may serve to help individuals acknowledge and synthesize emotions that were previously unavailable to conscious awareness, lead to habituation to intense emotions, access state-dependent core beliefs or modify maladaptive emotional responses (Greenberg & Safran, 1989) . The idea of a cathartic release once emotion is expressed has long been theorized as a crucial aspect of beneficial therapy (Breuer & Freud, 1895 /1966 ). Stanton and colleagues (e.g., Austenfeld & Stanton, 2004) suggested that coping through emotional expression is most useful when it is done in a social context that is receptive, when it helps frame goals that can then lead to action, and when it facilitates habituation to a stressor. Along similar lines, Kennedy-Moore and Watson (2001) proposed that emotional expression might produce benefits by alleviating anguish about distress and facilitating insight, which in turn leads to opportunities to respond to the environment.
Focused expressive writing was one of the first systematically evaluated types of emotionally expressive interventions (Pennebaker, 1997; Pennebaker & Beall, 1986) . Meta-analyses have generally suggested beneficial outcomes associated with focused expressive writing intervention (Frisina, Borod, & Lepore, 2004; Sloan & Marx, 2004; Smyth, 1998) . Emotional expression has also played a key role in intervention studies for cancer (Graves, Carter, Anderson, & Winett, 2003; Lieberman & Goldstein, 2006; Smith, Anderson-Hanley, Langrock, & Compas, 2005) . Examples include unstructured journaling for women with newly diagnosed breast cancer (e.g., Smith et al., 2005) , online support groups (e.g., Lieberman & Goldstein, 2006) , face-to-face support groups (e.g., Graves et al., 2003) , and supportive-expressive group therapy (Spiegel, Bloom, Kraemer, & Gottheil, 1989) . Expressive writing and group-based intervention studies provide researchers with a wealth of textual data from both written essays and transcribed individual or group sessions. The resulting textual (or video) data often provide detailed accounts of the ways in which individuals cope with diagnosis and treatment of cancer. If valid methods for quantifying psychological processes in text were available, re-searchers and clinicians would be able to explore relationships between specific emotional factors (e.g., description of anger in text) and outcomes. Such methods would enhance our understanding of what types of emotional expression might be related to improved psychological adjustment.
There have been a few studies designed to evaluate the effect of emotional expression on both physical and psychological symptoms in breast cancer (Stanton, Danoff-Burg, Cameron, Snider, & Kirk, 1999 , Stanton, Danoff-Burg, & Huggins, 2002 Walker, Nail, & Croyle, 1999; Zakowski, Ramati, Morton, Johnson, & Flanigan, 2004) . Although in one study expressive writing was not associated with differences in positive affect, negative affect, intrusive thoughts, or avoidance (Walker et al., 1999) , in the other three studies, fewer physical symptoms (Stanton et al., 1999; Stanton, Danoff-Burg, Sworowski, et al., 2002) and fewer social constraints after writing (Zakowski et al., 2004) were found in participants who were asked to write either about their feelings regarding breast cancer or benefits resulting from their experience with breast cancer. Supportive-expressive group psychotherapy for metastatic breast cancer patients has been related to a significant reduction in suppression of primary negative affect; improvement in restraint of inconsiderate, irresponsible, impulsive, aggressive behavior (Giese-Davis et al., 2002) ; and a decline in traumatic stress symptoms (Classen et al., 2001 ). Lieberman and Goldstein (2006) found that increased expression of anger was associated with improved quality of life (as identified by the Functional Assessment of Cancer Therapy-Breast Cancer Form [FACT-B]; Cella, 1994) outcomes and lower levels of depression (as identified by the Center for Epidemiological Studies-Depression scale; Radloff, 1977) , although expression of fear and anxiety was associated with decreased quality of life and higher levels of depression. This complicates the picture and further brings into question the notion that emotional expression is a mechanism leading to psychological and physical betterments for cancer patients. Similar findings by Smith et al. (2005) revealed that the prevalence of negative emotion in journal entries of breast cancer patients was related to increased anxiety and depression.
Computational text analysis provides a set of tools for analyzing the large volume of text that is produced as a result of expressive writing studies or other types of interventions. In the psychological literature, only a few computational text-analysis programs have been described (see Pennebaker, Mehl, & Niederoffer, 2003, for review) . Although the General Inquirer (Stone, 1966 ) is considered by some as the first computational text-analysis program, more recent programs, such as Mergenthaler's (1993) TAS/C and DIC-TION (North, Langerstrom, & Mitchell, 1984) , also have applicability for coding emotional expression. Others have attempted to capture the multidimensional nature of emotionally relevant words. Lang, Bradley, and Cuthbert's (1999) Affective Norms for English Words provides an assessment of the degree of pleasure, arousal, and dominance evoked by each of over 3,000 words.
One of the more recently developed and used computational text-analysis programs that has been used to provide information regarding linguistic correlates of psychological and health outcomes after writing is Linguistic Inquiry and Word Count (LIWC; Pennebaker, Francis, & Booth, 2001 ). Pennebaker and Francis devised this tool to analyze text on a word-by-word basis. LIWC calculates a percentage of words falling into 74 different categories, ranging from emotion words to words about social context and religion. Pennebaker (1997) found four factors to correlate with the greatest health benefits. These include more positive emotion words used, a moderate number of negative emotion words used, and an increasing number of causal and insight words used over the course of writing (Pennebaker, 1997; .
LIWC was initially validated for content and construct validity by the creators of the program (Pennebaker & Francis, 1992; Pennebaker et al., 2001) . Interrater reliability discrimination of category word elements has been found to range from 86% to 100%, depending on the dimension being assessed (Pennebaker et al., 2001) , suggesting content validity. To assess construct validity, four judges rated 210 essays on several LIWC dimensions (Pennebaker, Mayne, & Francis, 1997) . Moderate to strong correlations between LIWC and judges' global ratings of written essays were found for most emotion categories (0.22-0.75; Pennebaker et al., 1997) . LIWC does not take context into consideration when identifying emotion words. It simply identifies words that are deemed by the developers of the program to appropriately fit into a number of different categories. It has been recognized that computer programs such as LIWC are inadequate for distinguishing between different meanings of the same word . Very little work regarding psychometric properties has been done outside of the research conducted by those who developed LIWC. In one known study assessing psychometric properties of LIWC with breast cancer patients, researchers analyzed text for overall valence in a number of different categories (Alpers et al., 2005) . Low to moderate correlations were found between rater codes and LIWC codes (Alpers et al., 2005) , although the sample size was small (n ϭ 9) and rater codes were assigned to each text file, rather than to individual words.
Another computer program that has been used to measure emotional expression in text and dialogue is Psychiatric Content Analysis and Diagnosis (PCAD). PCAD arose from the GottschalkGleser scales (Gottschalk, Winget, & Gleser, 1969) , in which verbal output is transferred into text and analyzed by extensively trained coders on a number of different facets, most of which are geared toward psychiatric diagnoses. Adequate construct validity and reliability have been established for all of the GottschalkGleser scales (Gottschalk, 1995) , but little is known about the psychometric properties of PCAD. One major difference between this program and LIWC is that PCAD takes context into consideration. Although this is an attractive aspect of PCAD, the types of scoring rules used by PCAD for coding emotion are unclear. This scoring ambiguity makes it difficult to critically evaluate the decisions and resulting scores PCAD provides for a number of different emotion domains.
In this study, we analyzed data collected by Owen et al. (2005) with the goal of comparing rater-coded emotional expression with emotion coded via LIWC and PCAD computerized text-analysis programs. We used signal-detection theory to guide the inclusion of signal-detection indices to help distinguish between signal and noise (Green & Swets, 1966) . For our purposes here, a signal is emotional expression, and noise is the lack of emotional expression. The signal-detection indices used here were sensitivity, specificity, positive predictive value, and negative predictive value. In this study, sensitivity was the probability that a word that is actually representative of emotional expression would be characterized by LIWC as an emotion word (Portney & Watkins, 2000) . Specificity was the probability that a word that is not indicative of emotional expression would be characterized by LIWC as a nonemotion word (Portney & Watkins, 2000) . Positive and negative predictive values were used to assess the probability that a word characterized by LIWC as an emotion word is truly representative of an emotion word and the probability that a word characterized as not being indicative of emotional expression by LIWC is, in fact, absent of emotional expression, respectively (Portney & Watkins, 2000) .
There were two primary aims of the study. The first aim was to assess the accuracy of LIWC and PCAD for the detection of emotional expression. To accomplish this aim, we created a reliable coding system to identify emotional expression. It was hypothesized that, relative to PCAD, which uses context to disambiguate meanings of words, LIWC would exhibit low sensitivity to nuanced emotional expression. Because of the text-independent coding rules employed by LIWC, it was also hypothesized that LIWC would systematically over-identify emotional expression (i.e., exhibit low positive predictive values). Thus, the goals of the study were to evaluate sensitivity and positive predictive power of LIWC and PCAD relative to human raters. Although we had no specific hypotheses about specificity and negative predictive value, these signal-detection indices are mathematically related to sensitivity and positive predictive power and provide useful information about the types of overlap between computerized textanalysis methods and human raters. For sake of completeness in reporting, we elected to present the data from specificity and negative predictive values alongside sensitivity and positive predictive values. The second aim was to explore the relationship between coding methods and self-report measures of emotional well-being. It was hypothesized that rater-coded emotional expression would be more closely associated with self-report measures of emotional functioning than would LIWC-or PCAD-identified emotional expression.
Method

Participants
Participants in the initial study included 49 women with Stage 1 or 2 breast cancer, recruited from a hematology/oncology outpatient clinic at a large academic medical center in the southeastern United States. Participants were not excluded on the basis of time since diagnosis or medical treatment. They were recruited to participate in a randomized 12-week clinical trial of an Internetbased support group. Those who consented to participate completed a baseline assessment and were then randomized into a wait-list control group (n ϭ 19) or an Internet-based support group (n ϭ 30). Wait-listed participants were able to join a support group after completing a baseline questionnaire and waiting approximately 12 weeks for their group to begin. Additional details about the sample have been previously reported (Owen et al., 2005) . For the current study, we included data from 14 additional participants. Thirteen women with Stage 3 or 4 breast cancer who were enrolled in a nonrandomized pilot of the online intervention were included in these analyses. Of those participants, 6 of 13 provided baseline data. In addition, text from 1 participant with Stage 2 breast cancer did not include any LIWC emotion words and was therefore not included in the findings displayed in the initial paper. For the analyses that included solely textual coding, 63 participants were included. For the analyses that included baseline assessment data, 55 participants were included. Participants had a mean age of 49.8 years (SD ϭ 11.0), were largely college educated (M ϭ 15.4 years; SD ϭ 2.4), and were primarily Caucasian (93%).
Procedures
Those who were assigned to the online support group and those who later crossed over from the wait list into an online support group (n ϭ 19) were encouraged to interact with one another remotely using a discussion board for general topics of conversation and a series of interactive coping-skills training exercises. All messages and responses to coping exercises were digitally stored in separate text files for each participant. Combined with the self-report survey data obtained at baseline and 12 weeks after beginning the support group (n ϭ 55), the text files (n ϭ 63) served as the primary source of data for the present study.
Rater coding of emotional expression. Developing a set of manual coding rules designed to identify emotional expression in text was a primary goal of the study. Definitions and coding rules for identification of emotional expression were developed iteratively. The initial coding rules were derived from a review of the literature on verbal and nonverbal behavioral indicators of emotional expression Ekman, 1992; Mergenthaler, 1996; O'Rorke & Ortony, 1994; Ortony & Turner, 1996) . Particularly helpful to this process were reports by Ortony and colleagues describing dictionaries of emotion words and decision rules for classifying words as indicators of emotional expression O'Rorke & Ortony, 1994; Ortony et al., 1987) . Their work on the affective lexicon provided a framework for considering different properties of emotion words and whether they should be included. An example of this was making the decision to code as emotion words words that referenced either internal feeling states or external feeling states (i.e., referencing emotion experienced by someone else; Clore et al., 1987) .
After carefully reviewing the literature, we codified simple rules for identifying emotional expression and classifying various dimensions of positive and negative emotional expression in text. We then attempted to apply these rules to a subsample of approximately 33% of the available textual data, not to apply final coding decisions but, rather, to identify instances where the coding rules were unable to account for clear instances of emotional expression in the text. When such instances were identified, the coding rules were modified. After reviewing 33% of the text, we finalized coding rules and developed a brief training program used to teach blinded raters to apply the coding rules. Then, with the help of the blinded raters, we reevaluated all text data.
Brief description of coding rules. For raters, the initial decision to be made was regarding the presence of emotional expression. If it was determined that emotional expression was present, the decision was then made regarding the best fitting category of emotional expression: positive feelings, optimism, anxiety, anger, sadness, other positive emotion, or other negative emotion. Positive feeling was coded when it was deemed that the person was expressing a state of happiness, peacefulness, or gratitude. Optimism was coded when there was a demonstration in the text of the tendency to express the best possible outcome or the feeling that something would turn out well. The code of other positive emotion was given when a word and the adjoining phrase was representative of positively valenced emotion that was not better captured in the positive feelings or optimism categories (e.g., feelings of excitement). If a word or phrase represented uneasiness and apprehension, stress or tension, a feeling of being out of control, rumination, or a sense of hyperarousal, it would be coded in the anxiety category. Anger was coded when there was a demonstration of displeasure, hostility, frustration, or a dissatisfaction/ discrepancy between an ideal and actual outcome. Sadness was coded when the word and/or phrase was characterized by sorrow or unhappiness. Sadness was also coded when the writer expressed a pessimistic sense of inadequacy, despondent lack of activity, or described behavior clearly associated with feelings of sadness (e.g., tears). The final emotion category coded was other negative emotion. If the word and/or phrase represented a negative emotion other than anxiety, anger, or sadness, it was placed in this category. An example of this instance is when there was a representation that was negative but ambiguous (e.g., "I felt really bad" when context made clear that the reference was not to a physical state). Categories mirrored dimensions of emotion identified in the literature (e.g., Clore et al., 1987) and emotion categories identified by LIWC, facilitating direct comparisons with LIWC emotional coding.
Rater-coding procedure. We replicated LIWC scoring rules using the Practical Extraction and Report Language (PERL) programming language and the default LIWC 2001 dictionaries. All text files were processed by our PERL code: Each word of each file was compared with the LIWC scoring dictionary, and words identified by the LIWC dictionary as emotion words were tagged (i.e., the word "sad" became ‫.)"ءءء‪sad‬ءءء"‬ Tagged text files were then saved separately and made available for review by trained raters. Raters then reviewed each tagged text file and scored all tagged words using the coding rules described above. Raters were also instructed to score instances of emotional expression that had not been tagged. Words were coded into a specific emotion category (or coded as being absent of emotion). As with the trained raters, blinded raters were asked to review the text again for any missed emotion (words that were not tagged). Raters were blind to scoring decisions made by LIWC. The trained coders each independently coded all text files and then reconvened to assess congruency in codes. Discrepancies in coding were handled by describing the reasons for original coding decisions, and final codes were assigned by consensus. Interrater reliability between the two trained coders (EB, JO) was very good ( ϭ .80). Two additional raters who were blinded to the aims of the study underwent three training sessions, each lasting 2 hours, to learn the coding rules. Each of these blinded raters then independently reviewed 33% of the text, and interrater reliability was also established between two coders ( ϭ .69). The kappa statistic is very sensitive, and it is suggested that kappa scores of .61-.80 demonstrate "substantial" reliability, and scores of .81-1.0 demonstrate "almost perfect" reliability (Landis & Koch, 1977) .
PERL text manipulation. PERL, which is an open-source programming language useful for evaluating patterns (i.e., pattern matching) with text-based data, was used to perform several key procedures in the present study. First, using the LIWC word library, we developed PERL code to reproduce LIWC scoring of emotion words, and this process allowed us to generate transcript files for manual coding in which all words coded by LIWC as emotion words were tagged by a common symbol. These tagged words were used to prompt coders to categorize the presence, absence, or type of emotional expression without indicating the specific code that LIWC would have assigned. Second, once rater coding was complete, we developed PERL code that matched each instance of emotional expression identified by rater coding with both LIWC-assigned codes and PCAD-assigned codes. Because PCAD assigns codes on the basis of clauses, rather than individual words, rater-assigned codes were matched with the clauses that contained the word(s) associated with the code. Our PERL code read each line of PCAD summary data for each text file, identified the clauses scored by PCAD, extracted the scoring decisions made by PCAD, and matched each clause with a Microsoft Excel spreadsheet containing the words and scoring decisions made by the human raters. We checked output from the PERL code for each subject to verify matching accuracy, and no errors were identified.
Materials
Self-report measures. Self-report measures for quality of life, cancer-related trauma, anxiety, and depression were administered to the treatment group (n ϭ 30) at the beginning of the online support group and to the crossover control group (n ϭ 32) 12 weeks after they entered the study (this is equivalent to the start date of their group).
Health-related quality of life. The Functional Assessment of Cancer Therapy-Breast Cancer Form (FACT-B) is a 27-item questionnaire that was used as a measure of perceived quality of life, with items of quality of life tapping into physical, social, emotional, and functional domains (Cella, 1994) . This instrument has adequate internal consistency and good concurrent validity with the Eastern Cooperative Oncology Group performance status (Brady et al., 1997) . The FACT-B has also been sensitive to change over time in persons with cancer. Participants were also asked to rate their overall health status on a 0 -100 scale (using the EuroQuol 5-D; Brooks, 1996) . On this scale, 0 ϭ the least desirable state of health you can imagine and 100 ϭ perfect health (Llach, Herdman, Schiaffino, & Dipstat, 1999) .
Cancer-related trauma. We used the Impact of Events Scale (IES; Horowitz, Wilner, & Alvarez, 1979) , which uses 22 items with a 5-point Likert-type scale to assess intrusiveness and avoidance of cancer-related thoughts and stimuli, to assess cancerrelated anxiety. This instrument has been demonstrated to have good internal consistency and has been shown to be sensitive to effects of psychological intervention (Edgar, Rosberger, & Nowlis, 1992) .
Anxiety and depression. We used the Hospital Anxiety and Depression Scale (HADS; Zigmond & Snaith, 1983) , a 14-item measure that provides summary scores for depression and anxiety, to measure anxiety and depression. This is a self-report measure that was created to be used in medical populations, in that the scale does not overestimate for a mood disorder on the basis of somatic symptoms. It was found to have good interrater reliability and good construct validity for distinguishing between patients with and without mood disorder (Zigmond & Snaith, 1983) . This measure is also sensitive to the effects of adjuvant psychotherapy treatment (Greer et al., 1992) .
Self-reported positive and negative emotion. To compare coding methods with self-reported measures of both positive and negative emotion, we created two scales. We took individual items from the self-report measures previously described and used them in the initial study (Owen et al., 2005) . The items were standardized, and Cronbach's alphas were assessed and found to be good for both self-reported positive emotion (Cronbach's ␣ ϭ .93) and negative emotion (Cronbach's ␣ ϭ .81). For the self-reported positive emotion scale, the following items were included from the FACT-B (Cella, 1994) : "I feel close to my friends and family," and "I feel close to my partner (or the person who is my main support)." The HADS items that were used in the scale were "I still enjoy the things I used to enjoy, I can laugh and see the funny side of things, I feel cheerful, I can sit at ease and feel relaxed, I look forward with enjoyment to things," and "I can enjoy a good book or radio or TV program." For the self-reported negative emotion scale, the following items were included from the FACT-B (Cella, 1994) : "I feel sad, I am losing hope in the fight against my illness, I feel nervous, I worry about dying," and "I worry that my condition will get worse." The HADS items that were included in this scale were "I feel tense or 'wound up,' I get a sort of awful feeling as if something is about to happen, worrying thoughts go through my mind, I feel as if I am slowed down, I get a sort of frightened feeling like 'butterflies' in the stomach, I feel restless as if I have to be on the move," and "I get sudden feelings of panic." Four items from the IES (Horowitz, Wilner, & Alvarez, 1979) were included in the scale: "I had waves of strong feelings about cancer, I felt watchful and on guard, I felt jumpy and easily startled," and "I felt irritable and angry." LIWC analysis. Text was analyzed across all participants in the website (n ϭ 63). This included all of the text submitted by each participant. The LIWC computer program analyzes written text on a word-by-word basis and is available in Spanish, German, Dutch, Norwegian, Italian, and Portuguese. This tool was developed by a process in which groups of judges reviewed 2,000 words or word stems and decided how the reviewed words related to dozens of categories (e.g., word count, total first-person usage, negative emotion; Pennebaker & Francis, 1992) . Every word of a text file is compared with "dictionaries" of 74 dimensions. The dimensions include (a) standard linguistic dimensions, such as words per sentence; (b) psychological constructs, such as positive emotions; (c) dimensions related to relativity, such as past-tense verbs; and (d) personal concern categories, such as the use of jobor work-related words. A word might fit and be placed into more than one category. The categories that were used in this study included all of the emotion categories. LIWC separates emotion into positive emotion and negative emotion. It then more specifically identifies the word as being either indicative of positive feelings or optimism in the positive emotion category and into anxiety, anger, or sadness in the negative emotion category. There are cases in which LIWC identifies a word as being positive or negative emotion but does not further identify the word as fitting into one of the more specific categories.
Psychiatric Content Analysis and Diagnosis. We also compared PCAD with the rater-coding system. PCAD was developed from the Gottschalk-Gleser scales (Gottschalk et al., 1969) . The program was designed to transfer verbal output into text and analyze it on a number of different facets, most of which are geared toward psychiatric diagnoses (e.g., anxiety, dependency, and social alienation). In large part, the program was designed to assess transcripts from psychotherapy. Adequate construct validity and reliability have been reported for all of the scales (Gottschalk, 1995) . PCAD is different from LIWC in that it evaluates the word in the context of the surrounding clause and scores it on a number of different dimensions. A clause that contained one of the rater-coded emotion words was identified, and scores given by both PCAD and rater codes were compared for agreement. To link PCAD scores with rater-defined emotion categories, we matched PCAD scores with the most appropriate rating category as follows: positive feelings (human relations codes A2 and D1), optimism (hope H1, H2, H3, and H4), anger (hostility outward, human relations D2, and frustrated dependency codes A and D), anxiety (death, mutilation, separation, guilt, shame, and diffuse anxiety), and sadness (hostility inward, any depression score, or any ambivalent hostility score).
Results
There were two primary aims of the study. The first aim was to assess the accuracy of LIWC and PCAD for the detection of emotional expression. The second aim was to explore the relationship between coding methods and self-report measures of emotional wellbeing. To accomplish these aims, we recruited 63 people to participate in the research website and engage in text-based interaction with other participants. The entire transcript available for analysis consisted of 165,754 words (278 pages of single-spaced text, 12-point font). The transcripts were spell checked, and the text that was used in the analyses included all of the available text for each participant. Writing samples averaged 2,631 words per subject, and there was considerable variation across subjects (SD ϭ 2,868). On average, LIWC identified 1.43% (SD ϭ 0.6) of total words as negative emotion and 3.2% (SD ϭ 1.1) of total words as positive emotion. Raters identified less negative emotion (0.8%; SD ϭ 0.5) and less positive emotion (0.8%; SD ϭ 0.4) than did LIWC. PCAD identified an average of 2.5% (SD ϭ 0.7) of total words as negative emotion and 2.9% (SD ϭ 0.8) as positive emotion. For the more specific categories of emotion, the average LIWC codes were as follows: positive feeling (posfeel) ϭ 1.0%, optimism ϭ 0.8%, anxiety ϭ 0.5%, anger ϭ 0.2%, and sadness ϭ 0.3%. For specific emotion categories, manually coded averages were as follows: posfeel ϭ 0.8%, optimism ϭ 0.03%, anxiety ϭ 0.2%, anger ϭ 0.1%, and sadness ϭ 0.3%. Specific categories of emotion, as coded by PCAD, were as follows: posfeel ϭ 0.2%, optimism ϭ 0.8%, anxiety ϭ 1.5%, anger ϭ 0.6%, and sadness ϭ 2.3%. Each instance of emotion was counted as one point, and frequency of a given emotion was divided by total words for that participant, resulting in a percentage of a given emotion for each participant. This was true for LIWC, manual codes, and PCAD.
Sensitivity
Sensitivity captures the proportion of total emotion words identified by raters as being indicative of emotional expression that were captured by either LIWC or PCAD. Sensitivity for overall emotional expression was good for both LIWC (0.88) and PCAD (0.83). LIWC sensitivity for both positive and negative emotion was also good, although LIWC did not perform as well in the subcategories of positive feelings, anger, and sadness (see Table 1 ). PCAD sensitivity for both total positive (0.77) and negative (0.78) emotion was good; however, there was considerable variability between specific types of emotion. PCAD sensitivity was poor for positive feelings (0.15) and anger (0.40) but was substantially higher for sadness (0.84). Sadness was the only category for which PCAD was significantly more sensitive than LIWC. LIWC performed significantly better in categories of overall emotional expression, positive emotion, positive feelings, and anger (see Table 1 ).
Specificity
Specificity measured the proportion of nonemotional words that were accurately coded by LIWC or PCAD (see Table 2 ). Specificity for LIWC was exceptional in all emotion categories (0.97-0.999). PCAD specificity was poor for overall emotional expression (0.58) but was slightly better for overall positive (0.74) and negative emotion (0.78). In all eight of the identified emotion categories, LIWC was significantly more specific than PCAD (see Table 1 ).
Positive Predictive Value
Positive predictive value measured the probability that a word identified by LIWC and PCAD as being indicative of emotional expression was in agreement with rater codings of emotional expression. For LIWC, only 32% of words identified as any type of emotion, 24% of words identified as positive emotional expression, and 43% of words identified as negative emotion were in agreement with rater codes (i.e., 69% of words identified by LIWC as indicators of emotional expression were not thought by raters to be instances of emotional expression). PCAD performed poorly in all emotion categories (0.005-0.26). LIWC's positive predictive value was significantly better than PCAD in all emotion categories (see Table 2 ).
Negative Predictive Value
Negative predictive value measured the probability that a word not identified as emotion by LIWC or PCAD agreed with raters' judgment that the word was not associated with emotional expression. Both LIWC and PCAD had excellent negative predictive value across all emotion categories. Negative predictive values for LIWC ranged from 0.995 for positive feelings to 0.999 for total positive emotion, optimism, anxiety, anger, and sadness. For PCAD, negative predictive values ranged from 0.96 for positive feelings to 0.998 for optimism and sadness. As with specificity and positive predictive value, LIWC performed significantly better than PCAD on each emotion category (see Table 2 ).
Relationship Between Coding Methods and Self-Report Measures
To assess the relationship between coding methods, we calculated Pearson product-moment correlations to compare rater (Pennebaker, Francis, & Booth, 2001) ; PCAD ϭ Psychiatric Content Analysis and Diagnosis (Gottschalk, Winget, & Gleser, 1969) . Superscript a denotes significantly greater sensitivity than does superscript b; superscript c denotes significantly greater specificity than does superscript d. (Pennebaker, Francis, & Booth, 2001) ; PCAD ϭ Psychiatric Content Analysis and Diagnosis (Gottschalk, Winget, & Gleser, 1969) . Superscript a denotes significantly greater sensitivity than does superscript b; superscript c denotes significantly greater specificity than does superscript d.
codes with both LIWC and PCAD codes. Tables 3 and 4 display the results. All but one of the LIWC codes were significantly positively correlated with corresponding rater codes. Optimism was the only emotion category that was not correlated with rater codes of the construct (r ϭ .07; p Ͼ .05). The strongest correlations were found for positive emotion (r ϭ .75; p Ͻ .01) and anxiety (r ϭ .69; p Ͻ .01). Among PCAD emotion codes, only anxiety was significantly correlated with its corresponding rater codes (r ϭ .27; p Ͻ .05). It was anticipated that self-reported emotional well-being and psychological disturbance in women with breast cancer would be associated with some level of expression of those emotional experiences, particularly in the context of a structured copingskills training program that encouraged active emotional coping efforts. To facilitate the examination of intercorrelations between emotional expression (positive and negative), as identified by different coding systems and self-report outcome measures, we used a multitrait, multimethod matrix to display these correlations. As previously stated, rater-coded positive and negative emotion and LIWC positive and negative emotion were highly correlated (for positive emotion, r ϭ .77, p Ͻ .01; and for negative emotion, r ϭ .78, p Ͻ .01). PCAD negative and positive emotion were not significantly correlated with corresponding categories in manual codes or LIWC. None of the coding systems was correlated with the created scales of self-reported positive and negative emotion, although the selfreported positive and negative scales were highly correlated (r ϭ Ϫ.76; p Ͻ .01). Details of this analysis can be found in Table 5 . In addition, we examined correlations between coding methods and the original scales. The correlations examined were as follows: Manual positive emotion and scores on FACT (r ϭ Ϫ.04), manual positive emotion and scores on health status (r ϭ .04), and manual positive emotion and scores on IES (r ϭ .11) were not significant. Manual negative emotion and scores on FACT (r ϭ .06), manual negative emotion and health status (r ϭ Ϫ.01), and manual negative emotion and IES (r ϭ Ϫ.07) were also not significant. It should be noted that the sample size is smaller in this table (n ϭ 55) because not all participants returned the questionnaires that were included in this analysis. The text of the 55 participants who returned self-report data was included in these analyses. Note. PCAD ϭ Psychiatric Content Analysis and Diagnosis (Gottschalk, Winget, & Gleser, 1969) ; MANUAL POSEMO ϭ manually coded positive emotion; MANUAL POSFEEL ϭ manually coded positive feelings; MANUAL OPTIM ϭ manually coded optimism; MANUAL NEGEMO ϭ manually coded negative emotion; MANUAL ANXIETY ϭ manually coded anxiety; MANUAL ANGER ϭ manually coded anger; MANUAL SAD ϭ manually coded sadness; PCAD POSEMO ϭ PCAD-coded positive emotion; PCAD POSFEEL ϭ PCAD-coded positive feelings; PCAD OPTIM ϭ PCAD-coded optimism; PCAD NEGEMO ϭ PCAD-coded negative emotion; PCAD ANXIETY ϭ PCAD-coded anxiety; PCAD ANGER ϭ PCAD-coded anger; PCAD SAD ϭ PCAD-coded sadness (n ϭ 55). ‫ء‬ p Ͻ .05. ‫ءء‬ p Ͻ .01.
Discussion
Our hypothesis that high interrater reliability would be established between both trained and blinded coders was supported. Our second hypothesis, that PCAD would be more sensitive to emotional expression than LIWC, was not supported. LIWC's test characteristics were comparable to PCAD or significantly better than PCAD for all emotion categories. Both LIWC and PCAD exhibited poor positive predictive value, suggesting that they substantially over-identified emotional expression. However, PCAD's attempts to use context to disambiguate word meanings did not appear to be particularly effective. Although both LIWC and PCAD measure a number of domains other than emotional expression, our findings suggest that LIWC is superior to PCAD for identification of emotion in text.
Test characteristics for LIWC were more desirable for general emotion categories (i.e., overall emotion, negative emotion, positive emotion) than for specific types of emotion (i.e., positive feelings, optimism, anxiety, anger, and sadness), although this was not the case for PCAD. LIWC's stronger performance in general emotion categories indicated that, although it accurately captured that a given word was indicative of some kind of positive or negative emotion, it often did not adequately identify the specific types of emotional expression. LIWC uses a very simple strategy to place words into a given category on the basis of lists ("dictionaries") of related words and does not take context into account. The simplicity of the strategy is appealing and works well in general, but accuracy of LIWC for identifying emotional expression could be improved using more sophisticated computational linguistic strategies, such as word disambiguation (Agirre & Edmonds, 2006) or key word in context (Weik, 1996) . Revising simple programs, such as LIWC, to include other, more sophisticated computational linguistic strategies could be fruitful.
With the exception of optimism, there was good convergent and discriminant validity between LIWC codes and rater codes. Agreement between LIWC and trained coders was quite high, with large effects for the general emotion categories of positive and negative emotion and the subcategories of positive feelings and anxiety and small effects in the subcategories of anger and sadness. There was no correspondence between LIWC and rater codes for optimism, and raters noted that optimism was particularly difficult to examine. Raters did not code a given word as being indicative of optimism if it was thought to express desire (e.g., "I hope I get better" or "Hopefully, the weather will clear up"), rather than a feeling of desire (e.g., "His response was one of hope and caring").
Hope is an example of a word that LIWC automatically codes as optimism, but human coders identified a great deal of contextdependent variability for this word in particular.
A very different pattern of results was observed for the correlations between PCAD and rater-coded emotions. Across nearly all categories of emotion, there was little agreement between PCAD and trained coders on corresponding types of emotion. Agreement between PCAD and raters existed only for anxiety. Expected convergent and discriminant validities were not obtained. For example, PCAD codes of negative emotional expression and anger were significantly and unexpectedly positively correlated with rater codes of overall positive emotion and positive feelings. The original Gottschalk-Gleser content-analysis scales (Gottschalk et al., 1969) were developed with the goal of having a clinician use transcripts of therapy sessions to better understand psychological functioning, as well as to assist the clinician with making a diagnosis. Although the therapist was instructed to use clinical judgment to score specific aspects of psychological disturbance related to an emotion category for anxiety (e.g., death anxiety, mutilation anxiety, guilt anxiety, separation anxiety, shame anxiety, and diffuse anxiety), it is unclear how the PCAD computer program makes these decisions. This makes it difficult to identify potential improvements in the way PCAD assigns emotionrelated scores.
Our hypothesis that rater-coded emotional expression would be more closely associated with self-report measures of positive and negative emotion than would LIWC was not supported. Self-reported positive and negative emotion were not highly correlated with rater, LIWC, or PCAD codes of positive or negative emotional expression. Other literature supports this finding (e.g., Owen et al., 2006) . This finding suggests that behavioral linguistics and subjective self-report measures of emotional well-being provide different perspectives on the individual experience of emotion. Because so much of our understanding of how emotional experiences influence and are influenced by behavior rests on studies involving self-report measures of the emotional experience, it is imperative that we think more carefully about how objective measures of emotional expression could contribute to the measurement and conceptualization of emotion. We suggest (Gottschalk, Winget, & Gleser, 1969) .
that behavioral linguistics should be considered as a supplement to self-report data in subsequent studies. LIWC appears to be a relatively useful instrument for the identification of emotional expression in text. However, LIWC overidentifies emotional terms, suggesting that LIWC's ability to disambiguate words that are often used to convey quite different meanings could be substantially improved. Specifically, there were approximately 6,000 unique instances where LIWC identified emotional expression that was at odds with human ratings of the word. LIWC failed to identify emotional expression in only approximately 500 instances in which raters had identified the presence of emotion. Thus, LIWC is 12 times more likely to make errors of over-identification than it is to make errors of under-identification. There were also a number of words that were frequently coded by LIWC as emotion that could be removed from the emotion dictionaries. For instance, the word "good" is coded as positive emotion by LIWC, yet in almost every instance (94% of cases), it was not deemed by raters to be representative of emotion. Other words that were frequently coded as emotion by LIWC but not coded as emotion by manual codes were "hope" (97% of cases found to demonstrate the absence of emotion), "like" (97% of cases found to demonstrate the absence of emotion), "beautiful" (100% of cases found to demonstrate the absence of emotion), and "best" (100% of cases found to demonstrate the absence of emotion). In general, there were a few consistent errors that, if addressed, could improve the ability of LIWC to accurately code emotional expression. Some of these errors can be corrected by making simple changes to the way LIWC codes words. To our knowledge, the ability to add additional guidelines or rules to LIWC, a feature built into the software, has not been tested. If the addition of simple qualifiers or guidelines to LIWC could improve the accuracy with which emotional expression is identified, the ability of researchers and clinicians to characterize associations between emotional expression and of physical and mental health benefits could be enhanced. Recently, an updated version of LIWC has become available (Pennebaker, Booth, & Francis, 2007) . In this version, the emotion categories of positive feelings and optimism have been removed from the program. Additional studies are needed to independently evaluate the test characteristics of this new version of LIWC and perhaps to evaluate the contribution of other LIWC categories to the identification of emotional expression.
There were a few noteworthy limitations of the study. Because this study evaluated emotional expression in a population of women with breast cancer using an Internet-based group, it is unclear how these specific findings will generalize to other populations. Because women with breast cancer engage in more frequent emotional expression than do people with other cancer types (e.g., men with prostate cancer; Owen, Klapow, Roth, & Tucker, 2004) , we believe breast cancer patients to be a particularly useful population for the study of emotional expression. In addition, findings might differ for face-to-face groups or groups that are instructed to engage in the prototypical expressive writing paradigm. It should also be noted that PCAD and LIWC emotion categories are not identical. Because the default PCAD scoring was used and scores were summed to create composite scores consistent with our taxonomy of emotions, our findings may somewhat underestimate PCAD's validity. Scoring rules used by PCAD were not readily available and so could not be used to tag our text files prior to qualitative analysis. Although the fairly small sample size can be noted as a limitation, the volume of text analyzed in the study provided a more than adequate sampling frame for characterizing the accuracy of LIWC and PCAD.
A final limitation concerns base rates. Base rates are known to affect signal-detection indices. It is worth noting that the base rate of emotional expression observed in this study (1.8% of words identified by raters) may not generalize to other types of writing or verbal expression. The base rate of emotional expression identified by LIWC was comparable in the present study (5.2% of overall affect) to that found across expressive writing samples (5.3%; Pennebaker et al., 2001) . However, our results should be further evaluated in samples with different base rates of emotional expression.
Extensive qualitative analysis can be considered the gold standard for characterizing the emotional content of text-based data. In this study, we have successfully and reliably coded the emotional content of a large volume of text from an Internet-based psychosocial intervention for women with breast cancer. Although LIWC has notable limitations, it appears to have acceptable convergent and divergent validity for the identification of emotional expression in text. Given the importance of being able to analyze available behavioral data and the sheer volume of text-based communication in an increasingly digital world, additional efforts to improve the accuracy of automated identification of emotional expression and other behavioral markers are much needed.
